A positive correlation between …rm productivity and export market participation has been well documented in producer micro data. Recent empirical studies and theoretical analyses have emphasized that the export-productivity relationship may be a re ‡ection of the …rm's other investment activities, particularly investments in R&D or new technology. These investments can both raise productivity and increase the payo¤ to exporting. In this paper we develop a dynamic structural model of the …rm's decision to invest in R&D and participate in the export market. The investment decisions depend on the expected future pro…tability and the …xed and sunk costs incurred with each activity. We estimate the model using micro data from the Taiwanese electronics industry and …nd a complex set of interactions between R&D, exporting, and productivity. The self-selection of high productivity plants is the dominant channel driving channel driving participation in the export market and R&D investment. Both R&D and exporting have a positive direct e¤ect on the …rm's future productivity which reinforces the selection e¤ect. When modeled as discrete decisions, the productivity e¤ect of R&D is larger, but, because of its higher cost, is undertaken by fewer plants than exporting. The indirect e¤ect of each activity on the net bene…t of the other is small and has little impact on the probability of conducting R&D or exporting.
Introduction
A large empirical literature exists documenting the relationship in micro data between exporting and productivity. 1 A universal …nding is that, on average, exporting plants are more productive than nonexporters re ‡ecting, at least partly, the self-selection of more productive …rms into the export market. A related literature has measured the intertemporal correlations between exporting and productivity in an attempt to determine if …rms that participate in the export market have higher productivity growth rates. The empirical evidence on this point is less uniform, with some studies …nding higher productivity trajectories for …rms after they begin exporting and others …nding no e¤ect.
One element that is missing from this literature is the possiblility that …rms undertake other investments that lead to both higher productivity and a higher propensity to export. Recently, Criscuolo, Haskel, and Slaughter (2005) analyze survey data collected for E.U. countries and …nd that …rms that operate globally devote more resources to assimilating knowledge from abroad and generate more innovations and productivity improvement. An implication of these studies is that attempts to identify export-productivity links from micro data on the timing of these activities may be re ‡ecting spurious e¤ects of the …rm's other activities.
Two recent papers have formalized the potential linkages between the …rm's productivity and its choices to export and/or invest in R&D or new technology using dynamic industry models. Atkeson and Burstein (2007) and Constantini and Melitz (2007) model the interdependence between these two choices and …rm productivity. Both papers share several common features.
First, productivity is the underlying state variable that distinguishes heterogeneous producers.
Second, productivity evolution is endogenous, a¤ected by the …rm's innovation decisions, and contains a stochastic component. Third, while they di¤er in the speci…c structure of costs and information, they each analyze the pathways through which the dynamic export and investment decisions are linked. One pathway is that investment in innovation results in future productivity improvement, which then results in a higher probability of the …rm being competitive in international markets. A second pathway is that …rms that export have larger markets in which to operate which, in turn, results in a higher return to any cost-saving or demandinducing innovations and raises the …rms'probability of undertaking R&D investments. These mechanisms do not require that exporting has a direct e¤ect on future productivity, what is often termed learning-by-exporting, but they generate an e¤ect of current exporting on future productivity through the innovation linkage.
In this paper we develop and estimate a structural empirical model of …rm exporting and R&D investment that incorporates these key features. We allow both the …rm's R&D investment and export status to a¤ect the distribution of its future productivity. We model the optimal …rm decisions treating R&D and exporting as discrete choices. These decisions depend on the expected future pro…ts and the current …xed or sunk costs the …rm incurs with these choices. After estimating the process of productivity evolution and the behavioral rules, we can then explain the relative importance of R&D investment and exporting as the source of productivity change. The empirical estimates also provide a basis for simulating the future path of …rm productivity under alternative demand conditions or policy regimes, such as trade liberalization or R&D subsidies.
We use the empirical model to study the sources of productivity change among Taiwanese manufacturing plants in the electronics products industry for the period [2000] [2001] [2002] [2003] [2004] . This industry is an excellent place to measure these relationships. It is characterized by high rates of productivity growth, signi…cant export market participation (an export rate of approximately .39 in our plant data), and signi…cant R&D investment by the plants (a .17 rate of participation in our sample). Our empirical results reveal a rich set of productivity determinants .
The evolution of …rm productivity di¤ers signi…cantly across …rm's that undertake the di¤erent combinations of R&D investment and exporting. Both activities have a positive e¤ect on future …rm productivity but, when modeled as discrete activities, the impact of R&D is larger. The dynamic model recognizes this process and models how the …rms investment behavior is a¤ected by it. We …nd that there are signi…cant interactions between the two investment choices. There are substantial investment costs and export costs involved with R&D and exporting decisions.
The decisions to invest in R&D and to export depend on both the …rm's history of these activities and their expectation about future productivity improvement and export demand, because the return to each activity is a¤ected by the presence of the other one.
The next section of this paper develops the theoretical model of the …rm's dynamic decision to invest in R&D and exporting and the third section presents a two-stage estimation method for the model. The …rst stage exploits data on the …rm's domestic revenue and total cost, among other things, to estimate the underlying process for …rm productivity. The second stage uses these to estimate the dynamic decision rules for R&D and export market participation. The fourth section provides a brief discussion of the data source and the …fth section summarizes the empirical …ndings.
A Structural Model of Exporting and R&D
The theoretical model developed in this section is similar in several ways to the models of exporting developed by Clerides, Lach, and Tybout (1998), Melitz (2003) , and Das, Roberts, and Tybout (2007) and the models of exporting and investment by Atkeson and Burstein (2007) and Constantini and Melitz (2007) . We abstract from the decision to enter or exit production and instead focus on the investment decisions and process of productivity evolution. Firms are recognized to be heterogeneous in their productivity and the export demand curve they face.
Together these determine each …rm's incentive to invest in R&D and to export. In turn, these investments have feedback e¤ects that can alter the path of future productivity for the …rm.
We divide the …rm's decision making into a static component, where the …rm's productivity determines it's short-run pro…ts from exporting, and a dynamic component where the …rm makes optimal R&D investment and export-market participation decisions.
Static Decisions
We begin with a model of the …rm's revenue in the domestic and export market. Firm i's short-run marginal cost function is written as:
where k it is …rm capital stock, w t is a vector of variable input prices common to all …rms, and x it is …rm productivity. 2 Several features of the speci…cation are important. The …rm is assumed to produce a single output which can be sold in both domestic and export markets and marginal cost is identical across the two markets for a …rm. There are two sources of short-run cost heterogeneity, capital stocks that are observable in the data and …rm productivity that is observable to the …rm but not observable in our data. Marginal cost does not vary with the …rm's output level which implies that demand shocks in one market do not a¤ect the static output decision in the other market and allows us to model revenue and pro…ts in each market independently of the output level in the other market. 3 Both the domestic and export market are assumed to be monopolistically competitive and segmented from each other. This rules out strategic interaction among …rms in the each market but does allow …rms to charge markups that di¤er across markets. The demand curves faced by …rm i in the domestic and export markets are assumed to have the Dixit-Stiglitz form. In the domestic market it is:
where Q D t and P D t are the industry aggregate output and price index, I D t is total market size, and D is the constant elasticity of demand. The …rm's demand depends on the industry aggregates, represented by D t ; its price p D it , and the constant demand elasticity. In the export market we allow the …rm's demand to depend on a …rm-speci…c demand shifter z it . By including this term we incorporate an exogenous source of …rm-level variation which will allow a …rm's relative demands in the domestic and export market to vary.across plants and over time. The …rm is assumed to observe z it when making its export decision, but it is not observable in our data. The demand curve …rm i faces in the export market is:
Given it's demand and marginal cost curves, …rm i chooses the price in each market to maximize the sum of domestic and export pro…ts. The …rst-order condition for the domestic market price p D it implies that the log of domestic market revenue r D it is:
Speci…cally, the …rm's revenue depends on the aggregate market conditions and the …rm speci…c productivity and capital stock. Similarly, if the …rm chooses to export, export market revenue is:
depending on the aggregate export market conditions, …rm productivity, capital stock, and the export market demand shock. These two equations show how we will utilize the information on …rm domestic and export revenue. Domestic revenue will provide information on marginal cost, in particular the productivity level x it , for all …rms in production. The export market revenue will provide information on the export demand shocks, but only for …rms that are observed to export.
Given these functional form assumptions for demand and marginal cost, there is a simple link between …rm revenue and pro…t in each market. The …rm's pro…t in the domestic market is:
where revenue is given above. Similarly, if the …rm chooses to export, the pro…ts they will earn are linked to export market revenue as:
These equations will allow us to measure …rm pro…ts from observable data on revenue in each market. These short-run pro…ts will be important determinants of the …rm's decision to export and to invest in R&D in the dynamic model developed in the next two sections.
Transition of the State Variables
In order to model the …rm's dynamic optimization problem for exporting and R&D we begin with a description of the evolution of the process for …rm productivity x it and the other state variables ln D t , ln X t , z it , and k it . We assume that productivity evolves over time as a Markov process, that depends on the …rm's investments in R&D, its participation in the export market, and a random shock:
is the …rm's R&D investment, e it 1 is the …rm's export market participation in the previous period. The stochastic nature of productivity improvement is captured by it which is treated as an iid shock with zero mean and variance 2 . The The second line of the equation gives the assumed functional form for this relationship: a cubic function of lagged productivity and a full set of interactions between lagged exporting and R&D. The inclusion of d it 1 recognizes that the …rm may a¤ect the evolution of its productivity by investing in R&D. 4 The inclusion of e it 1 allows for the possibility of learning-by-exporting, that participation in the export market is a source of knowledge or expertise that can improve future productivity. d and e can each be modeled as continuous variables, treating them as ‡ows of R&D expenditure and export market sales, respectively. Alternatively, they can be modeled as discrete 0/1 variables that re ‡ect whether or not the …rm undertakes its own R&D in prior years or participates in the export market. In the empirical model developed below, we treat both variables as discrete. This is consistent with the evidence reported by Aw, Roberts, and Winston (2008) who estimate a reduced-form model consistent with the structural model we develop here. They …nd that productivity evolution for Taiwanes electronics producers is a¤ected by the discrete export and R&D variables. They also …nd that …rm productivity is a signi…cant determinant of the discrete decision to undertake each of these activities, but …nd little evidence that productivity is correlated with the level of R&D spending and export market sales.
The …rm's capital stock will be treated as …xed over time k i . We will recognize the di¤er-ences in capital stocks across plants but not attempt to model the …rm's investment in capital.
Given the relatively short time series in our data, most of the variation in capital stocks is across …rms and the intertemporal e¤ects of changes in the capital stock on marginal cost are going to be di¢ cult to quantify precisely in this data even without the complexity of productivity variation.
The …rm's export demand shock will be modeled as a …rst-order Markov process:
If a source of …rm-level heterogeneity like z was not included in this model, there would be a perfect cross-section correlation between domestic and export revenue. In our application it is important to allow persistence in the evolution of z because it is going to capture factors like the nature of the …rm's product, the set of countries they export to, and any long-term contractual or reputation e¤ects that lead to persistence in the demand for its exports over time. Finally, the aggregate state variables ln D t , ln X t are treated as exogenous …rst-order Markov processes that will be controlled for using time dummies in the empirical model.
Dynamic Decisions -R&D and Exporting
In this section we develop the …rm's dynamic decision to export and invest in R&D. A …rm entering the export market will incur a nonrecoverable sunk cost and this implies that the …rm's past export status is a state variable in the …rm's export decision. This is the basis for the dynamic models of export participation developed by Roberts and Tybout (1997) and Das, Roberts, and Tybout (2007) . In this paper there is an additional intertemporal linkage in the …rm's investment decisions. The …rm's export and R&D choices can a¤ect it's future productivity as shown in equation 8.
While the static pro…ts 6 and 7 earned by the …rm are one important component of its decisions, these will also depend on the combination of markets it participates in and the …xed and sunk costs it must incur. It is necessary to make explicit assumptions about the timing of the …rm's decision to export and undertake R&D. We assume that the …rm …rst observes values of the …xed and sunk costs of exporting, F it and S it ; and makes its discrete decision to export in year t. Following this, it observes a …xed and sunk cost of investment, I it and D it ; and makes the discrete decision to undertake R&D. 5 All four costs are assumed to be iid draws from a known joint distrubtion G . The …rm's value function in year t before it observes its …xed and sunk costs can be written as:
where I(e it 1 = 0) is an indicator function identifying a …rm that was not an exporter. V E is the value of an exporting …rm after it makes its optimal R&D decision and, similarly,
is the value of a non-exporting …rm after it makes its optimal R&D decision. This equation
shows that the …rm chooses to export in year t when the current plus expected gain in future export pro…t exceeds the …xed cost plus the sunk cost, if relevant. In this equation the value of investing in R&D is subsumed in V D it and V E it . Speci…cally,
The …rst term shows that if the …rm chooses to undertake R&D (d it = 1) then it pays the current investment cost and has an expected future return which depends on how R&D a¤ects future productivity. If they do not invest (d it = 0) they have a di¤erent productivity path.
The larger the impact of R&D on future productivity, the larger the di¤erence between the expected returns of doing R&D versus not doing R&D and thus the more likely the …rm is to invest in R&D. Similarly, the value of R&D to a non-exporting …rm is:
where the …rm faces the same tradeo¤, but now the future productivity paths will be those for a non-exporter. Finally, to be speci…c the expected future value conditional on di¤erent choices for e it and d it is:
In this equation, V it+1 is conditional on e it because of the sunk entry cost. The evolution of productivity is conditional on both e it and d it because of the assumption in equation 8
In this framework, the net bene…ts of both exporting and R&D investment are increasing in current productivity. This leads to the usual selection e¤ ect where high productivity …rms are more likely to export and invest in R&D. By making future productivity endogenous this model recognizes that current choices lead to improvements in future productivity and thus more …rms will self-select into, or remain in, exporting and R&D investment in the future.
When we have two choice variables for the …rm, there are new forces in addition to the selection e¤ect which make the decisions interdependent. First, whether or not the …rm chooses to export in year t a¤ects the return to investing in R&D. We will label this the persistent export e¤ ect on R&D. From equations 11 and 12 we see that the future net payo¤ to d it depends on the di¤erence between E t V it+1 ( je it ; d it = 1) and E t V it+1 ( je it ; d it = 0). This di¤erence will depend on the impact of R&D on future productivity but also on the …rm's export choice e it because of the e¤ect of the sunk cost of exporting and the direct e¤ect of exporting on future productivity through equation 8. In the special case where the sunk cost of exporting is always zero and exporting does not a¤ect the evolution of productivity, exporting becomes a static decision and V E it = V D it . An exporter and a non-exporter will have the same valuation of R&D investment. 6 The persistent export e¤ect can be larger for exporters or for nonexporters depending on the sign of the interaction e¤ect between R&D and exporting on productivity, which is given by the coe¢ cient 6 in equation 8. If 6 > 0 then R&D will be more valuable to exporters while if 6 < 0 then R&D will be more valuable to nonexporters. For any state vector we can measure the net bene…t of doing R&D:
The persistent export e¤ect can be measured as N BR it ( je it = 1) N BR it ( je it = 0)
The net payo¤ to exporting will also depend on the …rm's past choice of R&D. We will label this the persistent R&D e¤ ect. From equation 10 the net return to exporting depends on the di¤erence between current and future export pro…ts X it + V E it and the future return from remaining only in the domestic market V D it : If there is a sunk cost to initiating an R&D program, this di¤erence will depend on the …rm's previous R&D choice d it 1: For any state vector we can measure the net bene…t of exporting as:
In the special case where there is no sunk cost of R&D then V E it and V D it ; and thus N BE it ; does not depend on d it 1: Once again the coe¢ cient 6 will play a role in determining whether P RD is positive or negative. If 6 > 0 then exporting will be more valuable to plants that already do R&D while if 6 < 0 then exporting will be more valuable to plants that do not conduct their own R&D. The persistent R&D e¤ect can be measured as
To summarize the model, …rm's di¤er in their past export market experience, capital stocks, productivity, and export demand and these determine their short-run pro…ts in the domestic and export market. The …rm can a¤ect its future productivity and thus pro…ts by investing in R&D or acquiring expertise in the export market. These processes, combined with …xed and sunk costs of exporting and …xed cost of R&D investments, determine the …rm's optimal decisions on export market participation and whether or not to undertake R&D. In the next section we detail how we estimate the structural parameters of the pro…t functions, productivity process, and costs of exporting and conducting R&D.
Empirical Model and Estimation
The model of the last section can be estimated using …rm-level panel data on export market participation, export market revenue, domestic market revenue, capital stocks, and the discrete R&D decision. In this section we develop a maximum likelihood estimator based on the probabilities of exporting and undertaking R&D. The model will be developed and estimated in two stages. In the …rst stage, parameters of the cost and demand functions and the productivity evolution process will be estimated and used to derive estimates of …rm productivity. In the second stage, the export and R&D decision will be used to estimate the …xed and sunk cost of exporting, the …xed cost of R&D, and the remaining export demand parameters. The likelihood estimator is based on the method used by Das, Roberts, and Tybout (2007) where their model is augmented with the R&D decision and a more general process for productivity evolution, which will require modeling the domestic side of the …rm's production. The full set of model parameters is the market demand elasticities X and D , the aggregate demand shifters, X t and D t , the marginal cost parameters 0 , k , and w , the function describing productivity evolution g(x it 1 ; d it 1 ; e it 1 ), the variance of the productivity shocks 2 , the distribution of the …xed and sunk cost of exporting and the …xed cost of investment, G and the Markov process parameters for the export demand shocks, z and 2 .
Demand and Cost Parameters
We begin by estimating the domestic demand, marginal cost, and productivity evolution parmeters. The domestic revenue function in equation4 is appended with an iid error term u it to give: (16) where the composite error term, ( D + 1)( x it ) + u it contains …rm productivity. 7 We utilize the insights of Olley and Pakes (1996) and Levinsohn and Petrin (2004) to rewrite the unobserved productivity in terms of some observable variables that are correlated with it. 8 In our case, the …rm's choice of the variable input levels for materials, m it , and electricity, n it , will depend on the level of productivity (which is observable to the …rm) and we will use the materials and electricity data to control for the productivity in equation 16. 9 By combining the demand elasticity terms into an intercept 0 , and the time-varying aggregate demand shock and marketlevel factor prices into a set of time dummies D t , equation 16 can be written as:
where the function h( ) captures the combined e¤ect of capital and productivity on marginal cost and domestic revenue. We specify h( ) as a cubic function of its arguments and estimate equation 17 with ordinary least squares. The …tted value of the h( ) function, which we denotê it , is an estimate of ( D +1)( k ln k it x it ). Next, as in Olley and Pakes (1996) and Doraszelski and Jaumandreu (2007), we incorporate the assumption about the evolution of productivity in order to estimate the parameters of this process, equation 8 and construct a productivity series (x i1 ; x i2 ; :::x iT ) for each …rm. Rewriting the unobserved x it in terms of^ it and k it and substituting into 8 gives an estimating equation:
where the star represents that the and k coe¢ cients are multiplied by ( D + 1). 10 This equation can be estimated with nonlinear least squares and the underlying and k parameters can be retrieved given an estimate of D .
The …nal estimating equation in the static demand and cost model exploits the data on total variable cost (tvc) and was used by Das, Roberts and Tybout (2007) . Since each …rm's 9 See Ackerberg, Benkard, Berry, and Pakes (forthcoming), section 2.4.3, for assumptions needed to map two observed variable inputs into a pair of unobserved state variables. In our case we observe total material and energy use by each …rm and these are determined by …rm productivity (x) and the export market demand shock (z) .
1 0 The only exceptions are that
marginal cost is constant with respect to output and equal for both domestic and export output, tvc is the sum of marginal cost and output in each market. Using the …rst-order condition for pro…t maximization, marginal cost is equal to marginal revenue in each market and thus tvc is an elasticity-weighted combination of total revenue in each market:
where the error term in the last line is included to re ‡ect measurement error in total cost. This equation provides estimates of the two demand elasticity parameters.
Three key aspects of this static empirical model are worth noting. First, we utilize data on the …rm's domestic revenue to estimate …rm productivity, an important source of …rm heterogeneity that is relevant in both the domestic and export market. In e¤ect, we use domestic revenue data to help estimate the underlying pro…t heterogeneity in the export market.
Second, like Das, Roberts, and Tybout (2008) we utilize data on the …rm's total variable cost to estimate demand elasticities and markups in both markets. Third, the method we use to estimate the parameters of the productivity process can be extended to include other endogenous variables that impact productivity. This formulation provides estimates that are important in estimating the …rm's dynamic investment equations. The estimated parameters from equation 8 are used directly to construct the value functions that underlie the …rm's R&D and export choice.
Dynamic Parameters
The remaining parameters of the model, the …xed and sunk costs of exporting and investment, and the process for the export demand/pro…t shocks can be estimated using the discrete decisions for export market participation e it and R&D d it and export revenue r X it for the …rm's that choose to export. Intuitively, entry and exit from the export market provide information on the magnitude of the sunk entry costs S and …xed cost F respectively. The level of export revenue provides information on the magnitude of the demand shocks z it conditional on exporting, which can be used to infer the unconditional distribution for the export shocks. The …xed cost of R&D investment is estimated from the discrete R&D choice.
The dynamic estimation is based on the likelihood function for the observed patterns of plant exporting, export revenue, and the patterns of plant R&D investment. To denote the timeseries data for year 0 to year T for any variable (W ) for …rm i we will use the notation W T i0 = (W i0 ; W i1; :::W iT ): Once we recover the …rst stage estimates and the …rm-level productivity series x T i0 , we can write the ith …rm's contribution to the likelihood, following Das, Roberts, and Tybout (2007), as:
= [
The …rst line of this equation rewrites the joint probability of the data into the joint probability of the discrete e and d decisions, conditional on the export market shocks z, and the marginal distribution of z. The notation z + i is used to denote that we only observe export market shocks for the years when …rm i exports. The second line recognizes that, because of the serial correlation in z, each year of exporting provides information about the whole time series of z for the …rm. The export market shocks in both exporting and non-exporting years, denoted by z T 0 (z + i ; i ), can be imputed from the shocks in the exporting years and knowledge of the process for z, as de…ned in equation 9. 11 A key part of the likelihood function is the joint probability of the discrete e and d series.
Because of the sunk cost in entering the export market, the probability of exporting in any period depends on the prior period's choice. In the …rst year of our data, period 0, we do not observed the prior choice and this leads to an initial conditions problem in estimating the probability of exporting. We treat this using Heckman's (1981) suggestion and separately model the decision to export in period 0 with a probit equation. 12 We denote this by rewriting the probability of the export series in two parts, one capturing only period 0 and the other capturing the remaining years 1; 2; :::T :
The …rst term in this equation can be related directly to the model above. Under the assumption that 's are iid over time, we can write it as:
P (e it = 1jz it ; k i ; x it ; t ; e it 1 ; d it 1 ) e it P (e it = 0jz it ; k i ; x it ; t ; e it 1 ; d it 1 ) Equations 11 and 12 show that the …rm's conditional probability of investing in R&D is equal to:
The …rm compares the increase in expected future value if it chooses to do R&D with the current period cost of R&D. Our model shows that this increase will di¤er for …rms that export and those that do not for two reasons. First, exporting may directly a¤ect future productivity as modeled in equation 8. If there is "learning-by-exporting" this would be the channel at work.
Second, because of the sunk cost of exporting, current exporters have a higher probability of operating in both the export and domestic market in the next period. A productivity increase resulting from R&D investment will have a higher net bene…t to …rms operating in both markets.
Equation 10
shows the …rm's decision to export depends on its previous export status because of the sunk entry cost. It also involves a comparison of the gains in the expected pro…ts from exporting with the …xed cost, for previous period exporters, and the sunk cost for nonexporters. From this equation, the probability of exporting can be written as:
P (e it = 1jz it ; k i ; x it ; t ; e it 1 ; d it 1 ) = P (e it 1 F it + (1 e it 1 )
The probabilities of investing in R&D and exporting in equations 23 and 24 depend on the value functions E t V it+1 ; V E it ; and V D it . For a given set of parameters, these can be constructed by iterating on the equation system de…ned by 10, 11, 12, and 13.
Data
The model developed in the last section will be used to analyze the productivity change of In addition, electronics has also been viewed as Taiwan's most promising and prominent "high-tech" industry. As reported by National Science Council of Taiwan, R&D expenditure in the electronics industry accounts for more than 72% of the manufacutring grand total in 2000.
R&D Expenditure is reported as the sum of the salaries of R&D personnel (researchers and scientists), material purchases for R&D, and R&D capital (equipments and buildings) expenses
Empirical Results

Empirical Transition Patterns for R&D and Exporting
The empirical model developed in the last section explains the …rm's investment decisions.
Before we report the estimation results we provide a summary of the patterns of R&D and exporting behavior for the …rm's in the Taiwanese electronics sector over the period 2000-2004. Table 1 reports the proportion of …rms that undertake each combination of the activities and the transition rates between pairs of activities over time. The …rst row reports the crosssectional distribution of exporting and R&D averaged over all years. It shows that in each year, the proportion of …rms undertaking neither of these activities is .563. The proportion that conduct R&D but do not export is .036, export only is .255, and do both activities is .146. Overall exporting is a more common activity than R&D investment, .401 to .182, but .437 of the …rms engage in at least one of the investments. In the data there is a diverse mix of investment behavior across the …rms and this is important in identifying the …xed costs of R&D and exporting.
The transition patterns among R&D and exporting are also important for the model estimation. The last four rows of the table report the transition rate from each activity in year t to each activity in t + 1. Several patterns are clear. First, there is signi…cant persistence in the status over time. Of the …rms that did neither activity in year t, .871 of them are in the same category in yeart+1. Similarly, the probabililty of remaining in the same category over adjacent years is .336, .708, and .767 for the other three categories. This can re ‡ect a combination of high sunk costs of entering a new activity and a high degree of persistence in the underlying sources of pro…t heterogeneity, which, in our model, are capital stocks k, productivity x and the export demand shocks z.
Second, …rms that undertake one of the activities in year t are more likely to start the other activity than a …rm that does neither. If the …rm does neither activity in year t, it has a probability of .115 that it will enter the export market. This is lower than the .291 probability that a …rm conducting R&D only will then enter the export market. Similarly, a …rm that does neither activity has a .019 probability that it will start investing in R&D, but an exporting …rm has a .080 probability of adding R&D investment as a second activity. These transistion patterns can re ‡ect two forces. First, …rms that do one activity may have more favorable values of k; x, or z, and thus be more likely to add the second activity. A more subtle e¤ect arised from the interaction of the two activities. If …rm R&D, through its e¤ect on future productivity, leads to a higher perceived return in the export market then a …rm that invests in R&D will be more likely to incur the sunk cost to enter the export market. Similarly if exporting raises the return to R&D through the market size e¤ect then exporting …rms will be more likely to begin investing in R&D than nonexporters.
Third, for the same reasons discussed in the last paragraph, …rms that conduct both activities in year t are less likely to abandon one of the activities than …rms than only conduct one of them. Firms that both export and do R&D have a .171 probability of abandoning R&D and a .086 probability of leaving the export market. Firms that only do R&D have a .430 probability of stopping while …rms that only export have a .223 probability of stopping.
The transition patterns reported in Table 1 illustrate the need to model the R&D and exporting decision jointly. In our model, there are two mechanisms linking these activities.
One is that an investment in either activity can a¤ect the future path of productivity as shown in equation 8 and thus the return to both R&D and exporting. A second pathway is possible for exporting. Even if exporting does not directly enter the productivity evolution process, the return to R&D will be higher for exporting versus nonexporting …rms, raising the probability that exporting …rms will also conduct R&D.
Demand, Cost, and Productivity Evolution
The parameter estimates from the …rst-stage estimation of equations 18 and 19 are reported in Table 2 . The coe¢ cients on the x; d; and e variables are the coe¢ cients in equation 8.
We report estimates in column 1 using the discrete measure of R&D, which we also use in the dynamic model. For comparison purposes, column 2 reports a set of estimates using the log of the R&D expenditure as the explanatory variable.
Focusing on the …rst column, the demand elasticity parameters are virtually identical in the domestic and export market. The implied value of D is -6.38 and the value of X is -6.10. These elasticity estimates imply markups of price over marginal cost of 18.6 percent for domestic market sales and 19.6 percent for foreign sales. The coe¢ cient on lnk it 1 is an estimate of the elasticity of capital in the marginal cost function k : It equals -0.064 (s.e.=.0052), implying, as expected, total variable costs are lower for plants with higher capital stock. More interesting are the coe¢ cients for productivity evolution. The coe¢ cients 1 , 2 , and 3 measure the e¤ect of the three powers of x it 1 on x it . They imply a clear signi…cant non-linear relationship between current and lagged productivity. The coe¢ cent 4 measures the e¤ect of the lagged discrete R&D investment on current productivity and it is positive and signi…cant. Plants that are engaged in R&D investment have 4.79 percent higher productivity.
The direct e¤ect of past exporting on current productivity is given by 5 and is also positive and signi…cant. This is a measure of the productivity impact of learning-by-exporting and implies the past exporters have productivity that is 1.95 percent higher. The magnitude of the export coe¢ cient is less than half of the magnitude of the R&D coe¢ cient implying a larger direct productivity impact from R&D than exporting. The last coe¢ cient 6 measures an interaction e¤ect from the combination of past exporting and R&D on productivity evolution. Plants that do both R&D and exporting have productivity that is 5.56 percent higher than plants that do neither activity. 14 Plants that do both activities have the highest intercept in the productivity process, but the negative sign on the interaction term implies that the marginal contribution to future productivity of adding the second activity is less than the marginal contribution of adding that same activity when the plant makes no investment. The …nal parameter SE( it ) is a measure of the stochastic variation in the productivity process. Table 2 repeats the estimation using the continuous level of R&D expenditure rather than the discrete variable. This change has no e¤ect on any of the model coe¢ cients except the two coe¢ cients on R&D, 4 and 6 : The statistical signi…ance of 4 and the insigni…cance of 6 is not a¤ected. Among the …rms that conducted R&D the mean value of the log of R&D expenditure was 9.14. At this mean expenditure, …rms that did R&D have productivity that is 6.1 percent higher (.0610=.00667*9.14) than …rms that make no investment and this is similar to the magnitude of the R&D e¤ect reported in column 1. In either speci…cation the conclusion about the important role of R&D is the same. We will utilize the discrete speci…cation in the dynamic model. Overall, the process for the evolution of plant productivity is dependent on past productivity, exporting experience, the …rm's decision to conduct R&D, and a stochastic component. This is the productivity process that underlies the estimates of our dynamic model of plant R&D and exporting choice reported in the next section.
Column 2 of
Given the importance of the productivity process in the model of plant investment decisions, we next report some summary statistics of this process before turning to dynamic estimation.
The series on plant productivity can be constructed from the estimated parameters as:
In the top panel of Figure 1 we present the mean path of productivity evolution over a twenty…ve year period for plants with the four combinations of e and d consecutively for the whole period. Each series is expressed relative to the mean productivity path for the plants with no exporting or R&D investment (e = 0, d = 0). Each of the groups has greater productivity improvement than the base but the magnitude di¤ers substantially depending on the type of activity. As re ‡ected in the Table 2 coe¢ cients, the largest improvement is for the …rms that both export and conduct R&D (e = d = 1), the second highest path is for …rms that only conduct R&D (d = 1; e = 0), and the smallest improvement is for the …rms that only export (e = 1; d = 0). After 25 years, the …rms that only export are 34 percent more productive than the base group. The impact of R&D is much larger. Plants that only do R&D are twice as productive as the base group at the end of the period, while the plants that do both are 123 percent more productive While this provides a summary of the technology linkages between exporting, R&D, and productivity, it does not recognize the impact of this process on the plant's choice to enter exporting or conduct R&D. This behavorial response is the focus of the second stage estimation.
At this point we can assess whether or not the productivity measure we have constructed is likely to impact the …rm's R&D and export choice. In the top panel of Table 3 we report estimates of a bivariate probit regression of exporting and R&D on the …rm's productivity, capital stock, lagged export dummy, and a set of time dummies. This regression is similar to the reduced form policy functions that come from our dynamic model. The only di¤erence is the fact that the export demand shocks z are not included. This is a reason for using the bivariate probit model which allows a correlation between the error terms of the two probit equations.
In both probit models, the productivity variable is highly signi…cant, as is the capital variable, and the lagged export variable. The correlation in the errors is also positive and statistically signi…cant implying that the decisions are driven by some other common factors, such as the export demand shocks z. In the second and third panel of Table 3 as time-invariant plant e¤ects. In both cases the productivity variable is positive and highly signi…cant. 15 It is important to recognize that this productivity measure has been estimated o¤ the domestic market revenue data. From the …xed e¤ect regression the variation in the plantspeci…c export demand shocks account for 72 percent of the error variance, suggesting that, even after controlling for productivity, export demand heterogeinty will be an important source of size and pro…t di¤erences in the export market. Overall, it is clear from these reduced form regressions that the productivity variable we have constructed is measuring an important plant characteristic that is correlated with the discrete export and R&D decisions and the plant's export revenue once they choose to participate in the market. 16 In the next section we report the estimates of the dynamic investment equations.
Dynamic Estimates
The remaining cost and export demand parameters are estimated in the second stage of our empirical model using the likelihood function that is the product over the …rm speci…c joint probability of the data given in equation 20. The coe¢ cients are reported in Table 4 under the columns labeled Model 1. First, we will summarize the estimates of the …xed and sunk cost parameters then we will describe the estimates of the export demand shocks. Each of the three costs, …xed cost of R&D investment, …xed cost of exporting, and the sunk cost of exporting, are modeled as draws from an iid exponential distribution with position parameters I , F and S respectively. In addition, we allow the means to di¤er across di¤erent groups of …rms. In this case we divided the …rms into two groups based on the size of the capital stock indicates that the z for any …rm persists over time, which will lead to persistence in the …rm's export status and export revenue if they choose to be in the market.
In the last two columns of Table 4 we report estimates from an extended version of the empirical model that allows for the innovation decision to be subject to a sunk start-up cost as well as a …xed cost that the …rm incurs each period. Only the parameter estimates for the innovation costs are a¤ected, the parameters related to export costs and the export demand The results from Model 2 will form the basis for the rest of the analysis.
In-Sample Model Performance
To assess the overall …t of Model 2, we take all estimated parameters and perform two sets of simulation experiments. First, taking the initial year status (x 0 i ; z 0 i ; e 0 i ; k i ) of all plants in our data as given, we simulate their next three sample year's export demand shocks z it , R&D investment costs I it , and export costs F it , S it . We then use equations 10, 11, 12, and 13 to solve each plant's optimal R&D and export decisions year by year. Since each plant's productivity x it evolves endogenously according to 8, we need to simulate each plant's trajectory of productivity jointly with its dynamic decisions. Note that these simulations do not use any data information on plants characteristics after their …rst year. We calculate each plant's domestic and export revenues using our estimated revenue and marginal cost functions. So the simulations depend on both the results in static and dynamic estimations. For each plant, we repeat the simulation 100 times. Since our focus is the co-movement of …rm's dynamic decisions of R&D, export, and the evolution of their productivity, we report in Table 5 the cross-simulation averages of the percentage of R&D performers, export market participation rate, and industry mean productivity. Overall, the simulations do a good job of replicating these average data pattern for all three variables. 17 Second, we summarize the transition patterns of each plant's export and R&D status in table 6 and compare them with the actual data patterns. Our simulated panel performs reasonably well on the transition patterns for all four groups of plants. In particular for the two groups that account of 81.8 percent of the sample observations, those who engage in neither activities and those who only export, the predicted transition patterns match the data very closely. Probably the most di¢ cult transition patterns to …t closely are the ones related to starting or stopping R&D. Given that the plant conducts R&D in year t, the model tends to overpredict the proportion of plants that will stop R&D and underestimate the proportion that will continue in year t + 1. This pattern is still much more closely explained with the results of Model 2 than those of Model 1.
The model simulations also capture the inter-dependence of the two activities. Plants that undertake one of the activities in year t are more likely to start the other than a plant that does neither. If a plant does neither activity in year t, it has a probability of .111 of entering the export market, lower than the .278 probability that a plant conducting R&D only will enter the export market. Similarly, a plant that does neither activity has a .024 probability of starting R&D, but an exporting plant has a .075 probability of starting R&D. This interdependence comes from the three mechanisms we emphasized in our theoretical model. First, there is a selection e¤ect where high productivity …rms are more likely to do each activity. In addition, each activity can change the plant's future path of productivity and thus strengthen the selection e¤ect. Second, the persistent export e¤ect implies that, if there is learning-byexporting or a sunk cost of exporting, then current period exports a¤ects the future payo¤ to R&D. Third, the persistent R&D e¤ect implies that, if there is a sunk cost to conducting R&D, then the payo¤ to current exporting will depend on past R&D investment.
To distinguish the magnitude of these three forces we calculate the expected future payo¤s to di¤erent combinations of the activities for given productivity levels. Table 7 reports the components of the persistent R&D e¤ect. Each row of the table represents a di¤erent value for the productivity state variable. The second and third columns report values of V Eby-exporting on future productivity. The sixth column reports the di¤erence V E t (x t jd t 1 = 1) V D t (x t jd t 1 = 1) for the plants that conducted R&D in t 1. As shown in equation 15, this measures the future payo¤ to exporting for plants that conduct R&D. This is positive, re ‡ecting the fact that …rms that do both activities have higher future productivity trajectories.
Interestingly, when compared with plants that did not do their own R&D in t 1, reported in column seven, the latter is larger, re ‡ecting the fact that the marginal impact of exporting on productivity is greater for …rms that did not do their own R&D. This is the result of the negative coe¢ cient on the parameter 6 in the productivity evolution equation. The value of R&D is greatest for plants that do not export because the marginal e¤ect on future productivity will be larger for this group. Overall, however, the impact of this interaction e¤ect on the probability of exporting is very small. The probabilities of exporting are reported in Table 8 for di¤erent combinations of productivity (the rows) and e t 1 ; d t 1 (columns 2-5). The export probabilities are always largest for past exporters (e t 1 = 1): For this group, the incremental e¤ect of prior R&D is reported in column 6 and is virtually zero for all productivity levels.
Even for the group of non exporters, the incremental e¤ect of prior R&D is very small, never lowering the probability of exporting by more than -.046 percentage points. Tables 9 and 10 conduct a similar analysis of the persistent export e¤ect, the impact of exporting on the pro…tability and probability of conducting R&D. Table 9 reports the values of equation 13. For any value of x, these can be ranked. EV t+1 is greatest for plants that do both activities, followed by R&D plants, exporting plants, and plants that do neither activity.
This re ‡ects the di¤erence in the parameters of the productivity process reported in Table 3 as well as the impact of sunk costs. The last two columns report the net bene…t of R&D, the increase in future returns resulting from R&D, for plants that export (column 6) and those that do not (column 7). This payo¤ is larger for the plants that do not export. That is, the incentive to invest in R&D is larger for non exporting plants. This occurs because of the negative value of 6 which implies that the marginal impact of R&D is greater for non exporting plants. Table 10 reports the probability of undertaking R&D for di¤erent combinations of x t , e t ;and d t 1 : The comparison across d t 1 values shows that the plant is always more likely to conduct R&D if it had done so in the previous year, re ‡ecting the sunk cost of starting the operation and the impact of R&D on future productivity. The last two columns show that the impact of the persistent export e¤ect on the probability of conducting R&D is very small, particularly for the plants that were investing in R&D in the previous year.
Conclusions
This paper develops and estimates a dynamic structural model that caputres both the behavioral and technological linkages between R&D, exporting, and productivity. It characterizes a plant's joint dynamic decision process, which depends on their heterogeneity in productivity, export demand, size, export experience, and investment and export costs. It also describes how a plant's R&D and exporting a¤ect their future productivity trajectories. Both pathways are important to understand the e¤ect of export promotion or R&D subsidies policies on …rm productivity. It's not neccesary for exporting to directly a¤ect productivity (i.e. learning-byexporting), but it can occur through the impact of serving a larger market on the incentives to undertake R&D. We …t this model to plant-level data for the Taiwan electronics industry. Our estimation results show that there are signi…cant technological impacts of R&D and exporting on productivity. The discrete R&D decision has a larger direct e¤ect on future productivity than the export decision. The marginal impact on productivity of adding exporting (R&D) as the second activity is smaller than e¤ect of adding exporting (R&D) by a plant that does neither activity. There are substantial …xed costs and sunk start-up costs to both R&D investment and exporting and the costs of conducting R&D are larger. Together these parameters imply that the decisions to invest in R&D and to export depend on both the plant's history of these activities and their expectation about future productivity improvement and export demand in a complex way.
Overall, the selection e¤ect which results from the direct e¤ect of productivity on the profitability of investing in R&D or exporting is the most important channel at work. High productivity plants are more likely to self select into both activities. In addition, both activities have direct e¤ects on future productivity which will act to strengthen the importance of the selection mechanism as the source of the major transition patterns in the data. The indirect e¤ects of one activity on the net bene…t of the other, which we quantify as the persistent export e¤ect and persistent R&D e¤ect, are small in magnitude. This implies that undertaking one investment has little impact on the probability of undertaking the other. 
